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Abstract 
On-farm biosecurity practices have been promoted in many animal industries to protect 
animal populations from infections. Current approaches based on regression modelling 
techniques for assessing biosecurity perceptions and practices are limited for analysis of 
the interrelationships between multivariate data. A suitable approach, which does not 
require background knowledge of relationships, is provided by Bayesian network 
modelling. Here we apply such an approach to explore the complex interrelationships 
between the variables representing horse managers’ perceptions of effectiveness of on-
farm biosecurity practices.  
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The dataset was derived from interviews conducted with 200 horse managers in 
Australia after the 2007 equine influenza outbreak. Using established computationally 
intensive techniques, an optimal graphical statistical model was identified whose 
structure was objectively determined, directly from the observed data. This 
methodology is directly analogous to multivariate regression (i.e. multiple response 
variables). First, an optimal model structure was identified using an exact (exhaustive) 
search algorithm, followed by pruning the selected model for over-fitting by the 
parametric bootstrapping approach. 
Perceptions about effectiveness of movement restrictions and access control were 
linked but were generally segregated from the perceptions about effectiveness of 
personal and equipment hygiene. Horse managers believing in the effectiveness of 
complying with movement restrictions in stopping equine influenza spread onto their 
premises were also more likely to believe in the effectiveness of reducing their own 
contact with other horses and curtailing professional visits. Similarly, the variables 
representing the effectiveness of disinfecting vehicles, using a disinfectant footbath, 
changing into clean clothes on arrival at the premises and washing hands before contact 
with managed horses were clustered together. In contrast, horse managers believing in 
the effectiveness of disinfecting vehicles (hygiene measure) were less likely to believe in 
the effectiveness of controlling who has access to managed horses (access control). 
The findings of this analysis provide new insights into the relationships between 
perceptions of effectiveness of different biosecurity measures. Different extension 
education strategies might be required for horse managers believing more strongly in 
the effectiveness of access control or hygiene measures. 
 
Keywords: Biosecurity, Equine influenza, Effectiveness, Graphical network modelling, 
Perceptions. 
 
1. Introduction 
 
Prior to 2007, Australia was one of only three countries with substantial horse industries 
to have remained free of equine influenza (OIE, 2012). The situation changed in August 
2007 when equine influenza virus was introduced via sub-clinically infected horses 
imported from Japan (Callinan, 2008). The virus was released probably due to failure of 
biosecurity procedures at the quarantine station (Callinan, 2008) and eventually infected 
more than 70,000 horses on over 9,000 premises. The outbreak caused severe 
disruption to horse-related activities and resulted in substantial losses to the horse 
industry and the government (Hoare, 2011; Smyth et al., 2011) despite being eradicated 
within about five months using movement controls, vaccination and on-farm biosecurity 
strategies (Webster, 2011). 
 
Biosecurity guidelines provided by animal health authorities to horse owners to control 
the outbreak included measures related to personal hygiene, equipment hygiene, and 
access control (NSW DPI, 2007). A case-control study conducted following the outbreak 
established that these biosecurity measures were successful in preventing the infection 
of horse premises (Firestone et al., 2011). Further socio-epidemiological research 
conducted one year after the outbreak determined that compliance with these 
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biosecurity measures was influenced by horse managers’ perceptions of their 
effectiveness, because those who perceived the measures to be effective were more 
likely to implement them than those who did not perceive them to be effective 
(Schemann et al., 2011). This finding is in accordance with many health behaviour 
models which suggest that people are less likely to adopt a measure if they do not 
believe in its effectiveness (Weinstein, 1993; Conner and Norman, 2009; Bish and 
Michie, 2010). 
 
Due to its obvious importance in influencing behaviour, further investigations were 
conducted to determine factors influencing horse managers’ perceived effectiveness of 
on-farm biosecurity measures (Schemann et al., 2012a). In that study, several factors 
were found to be associated with biosecurity effectiveness perceptions, but the 
regression analyses used were limited because the 17 variables representing the 
effectiveness of various biosecurity measures were combined and the analyses did not 
allow for identification of relationships among them. Combining and indexing several 
variables into one outcome measure is a traditional approach used in many socio-
epidemiological studies (Wright et al., 2008; Ellis-Iversen et al., 2010; Kirby et al., 2010). 
 
Other approaches used for similar problems in the context of regression modelling in 
veterinary medicine include path analysis (Curtis et al., 1985; Correa et al., 1993) and 
structural equation modelling (Toma et al., 2012). Path analysis is a structural modelling 
technique to describe the presumed causal relationships among a set of variables; 
structural equation modelling first creates latent variables and then uses them for path 
analysis. Bayesian network analysis is an exploratory data analysis method using 
computationally intensive model selection processes (e.g. Koivisto and Sood, 2004) to 
identify statistical dependencies between multiple variables using only observed data. 
This can be invaluable when there is a lack of background knowledge concerning such 
relationships. In contrast, structural equation modelling requires an initial model for 
explorative data analysis, and path analysis requires explicit causal assumptions to be 
defined. A Bayesian network model is concerned only with identifying the presence of 
statistical dependencies and does not assume any causal relationships. Like structural 
equation modelling, Bayesian graphical modelling can take latent variables into account. 
 
Bayesian network analyses provide an ideal approach to determine interrelationships 
between related variables. This methodology is equivalent to multivariate regression, in 
which the goal is to identify a model which best describes the joint probability 
distribution of the observed data, that is, describes features of the unknown 
mechanisms and processes responsible for generating the observed data. When 
considering mutually inter-dependent variables then such a multivariate approach is 
intuitively preferable to the more limited interpretation offered by multiple regression. 
 
In this paper, we apply Bayesian network modelling to describe the interrelationships 
between 17 variables representing horse manager’s perceived effectiveness of different 
on-farm biosecurity practices in preventing the spread of equine influenza onto their 
premises. This analysis provides further insight into horse managers’ perceptions to 
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guide development of extension education programs for improving compliance with 
biosecurity measures. 
 
2. Materials and methods 
 
2.1. The dataset 
The dataset used in this analysis is based on a case-control study conducted after the 
equine influenza outbreak in Australia. The questionnaire design, sampling approaches 
and data management are described in detail by Firestone et al. (2011). The data 
collected have been analysed separately to investigate factors influencing the infection 
of horse premises (Firestone et al., 2011), and those associated with the perception of 
on-farm biosecurity effectiveness (Schemann et al., 2012a) and outbreak management 
(Schemann et al., 2012b). Briefly, a sample of 200 horse owners/managers (referred to 
as ‘horse managers’ hereafter) was selected from a database of premises in which 
horses were tested for infection during the equine influenza outbreak. The sample size 
of 200 was selected based on a calculation performed for the concurrently conducted 
case-control study (Firestone et al., 2011), to provide 95% confidence of detecting an 
odds ratio of three with 80% statistical power, assuming a 1:1 ratio of case to control 
premises and a minimum of 10% of control premises exposed to the factor of interest 
(Thrusfield, 2007). 
 
The complete dataset analysed in this study comprised 151 observations after 49 
observations were removed due to missing values. A questionnaire was designed and 
managers were interviewed by two trained interviewers (KS and SMF) face-to-face 
between July and October 2009. Data on horse managers’ perceptions of the 
effectiveness of biosecurity measures – measured as 17 variables – were used in the 
analyses reported here. Two categories recorded for each of these variables – ‘not 
effective’ and ‘partially effective’ – were combined as per our previous analyses 
(Schemann et al., 2012a), thus making 17 binary variables with categories of ‘very 
effective’ and ‘partially or not effective’ (Table 11). 
 
The study protocol was approved by the Human Research Ethics Committee of the 
University of Sydney (07-2009/11840). 
 
2.2. Bayesian network modelling 
Using established structural learning techniques (Friedman et al., 1999; Koivisto and 
Sood, 2004), a globally optimal model – a model with best goodness of fit to the 
observed data – was determined. This model consisted of a directed acyclic graph 
(DAG), a statistical model that formally describes the interrelationships between the 17 
variables representing perceptions of effectiveness of biosecurity measures. 
                                                 
 
1
 All tables and figures are located at the end of this document. 
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A general introduction to Bayesian Network (BN) modelling in veterinary epidemiology is 
provided by Lewis et al. (2011) and the approaches presented here are similar to those 
used by Lewis and McCormick (2012). There is a considerable literature on BN modelling 
and the particular type utilized here is Additive Bayesian Networks (ABN), a graphical 
model comprising of a set of conditionally independent generalised linear models 
combined in such a way as to be probabilistically coherent (no cycles in the graph) while 
maximising fit to observed data. The theory and conceptual justification of BN for 
complex data analyses is recognised and it has a long history in the literature 
(Heckerman et al., 1995). However, to date, the considerable computational 
requirements, and a lack of accessible software have hindered its practical application.  
 
All analyses presented here were conducted in R (R Development Core Team, 2011), 
using the abn library (Lewis, 2012). The results are presented as DAGs with the related 
variables (nodes) shown using arcs. An odds ratio was estimated for each of these arcs 
to provide a measure of the magnitude of association between the two nodes. 
 
A two-step approach was used for identifying an optimal DAG structure which best 
described the inter-relationships between perceptions of the effectiveness of on-farm 
biosecurity measures: (a) identifying a globally optimal DAG (global model), and (b) 
pruning the chosen model to account for over-fitting (final model). 
 
In the first step, an established exact structure discovery approach (Koivisto and Sood, 
2004) was used to identify a DAG with maximal goodness of fit (the ‘global’ model). This 
was assessed using the standard Bayesian goodness of fit criterion  the (log) marginal 
likelihood (Mackay, 1992)  considering all possible DAGS, with the number of possible 
unique DAGs being less than 1055. 
 
Given that a Bayesian framework was used to build models, we needed to specify prior 
distributions on DAG structures and the model parameters within the structure. In the 
absence of any prior information about the importance of one structure over the other, 
we specified uniform structural priors implying that all DAG structures were equally 
plausible. Similarly, due to lack of prior information about parameter estimates of 
various arcs, and given that it is impractical to specify informative priors for such a large 
number of possible arcs, uninformative parameter priors (Normal distributions with 
means of zero and variance of 1000) were specified for the parameter estimates of each 
arc. 
 
The first step identified a single best fitting global model. While thorough and rigorous 
model comparison and selection is an essential part of modern data analysis there is a 
price to pay, because any multi-model search process (for example, stepwise regression 
– see Babyak (2004)) will likely result in some over-fitting. In other words we will identify 
a model which has more complexity than might be justified, were the same study 
repeated a number of times and similar analyses performed. Therefore, in the second 
step, the best fitting model was ‘pruned’: the links or arcs were progressively removed 
to identify a structure consisting only of statistically justifiable arcs, to overcome any 
issues of over-fitting. 
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Of the many approaches available for pruning models, we used a conceptually 
straightforward, but highly computationally intensive, parametric bootstrapping 
approach (Friedman et al., 1999). Using the open source JAGS software (http://mcmc-
jags.sourceforge.net/), the ‘globally optimal’ model selected in the first step was used to 
generate bootstrap datasets – simulations from the model which are each of the same 
size as the original dataset. Each bootstrap dataset was then treated as if it were the 
original data, and a globally optimal DAG was identified exactly as in the first step, using 
the exact structure discovery approach (Koivisto and Sood, 2004) and comparing the log 
marginal likelihood (Mackay, 1992) of all the models. In addition, in this step the 
frequency of each arc was recorded (the proportion of times an arc was present in the 
bootstrap DAGs) and any arcs which were not recovered in a majority (>50%) of the 
bootstrap DAGs (taking into account arc direction) were removed since they were 
deemed to have insufficient statistical support to be considered robust (Poon et al., 
2007; Lewis et al., 2011; Lewis and McCormick, 2012). A threshold of 50% is justifiable 
through analogy with phylogenetics and majority consensus trees, as explained by Lewis 
and McCormick (Lewis and McCormick, 2012). 
 
The second step yielded a statistically robust ABN model. Parameters for all the 
associations in the final model were estimated using the abn library which applies 
Laplace approximations  a standard numerical approach in statistical parameter 
estimation (Tierney and Kadane, 1986) most commonly used in mixed models but also 
increasingly used in Bayesian analyses. Interpretation of these parameters is similar to a 
standard multivariable logistic regression model, in that they represent log odds ratios 
that are adjusted for all other associations in the model. As in logistic regression, 
parameter estimates can be exponentiated to obtain odds ratios with a standard 
epidemiologic interpretation. The confidence (credible) intervals presented are the 
individual (marginal) posterior probability distributions for each parameter in the model. 
These are simply the Bayesian equivalent of the usual confidence intervals in standard 
frequentist analyses. 
 
3. Results 
 
The model with maximum goodness of fit over all possible DAG structures (‘globally 
maximal’ model) generated in the first step had a total of 34 arcs (Figure 1). In the 
second step, 512 bootstrap datasets were generated, and for each of these an identical 
exact model search was conducted as in the first step. The ‘pruned’ model consisted of 
13 arcs (Figure 2) suggesting that 21 of the arcs in the ‘globally’ optimal model did not 
meet the necessary 50% level of structural support. The variables representing horse 
managers’ perceptions about the effectiveness of access control measures are 
presented as circles while those representing personal and equipment hygiene 
measures are presented as squares in both Figure 1 and 2 to improve readability. 
A number of different random subsets of 256 bootstrap datasets were considered 
and the same analyses performed; each gave identical results in terms of the arcs to be 
removed, which is strong evidence that our bootstrapping analyses were robust 
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(sufficient bootstrap samples were generated). Each of the bootstrap analyses took 
approximately 7 hours cpu time. 
Posterior density estimates for the marginal effects of each parameter (odd ratios) 
in the ‘final model’ are provided in the supplementary figures, including posterior 95% 
confidence intervals. Posterior median odds ratios for each statistical association in the 
final model are incorporated into Figure 2.  
 
4. Discussion 
 
Because previous socio-epidemiological research has established that those perceiving 
biosecurity measures to be effective are more likely to implement these measures 
(Schemann et al., 2011), investigating horse managers’ perceptions of relative 
effectiveness of biosecurity measures is important in designing and implementing 
disease control programs. The Bayesian network analyses presented in this manuscript 
extend the findings of our previous study on biosecurity perceptions (Schemann et al., 
2012a) by exploring the interrelationships amongst 17 variables representing horse 
managers’ perceptions about the effectiveness of biosecurity measures (Figures 1-2). 
 
The final model of our data (Figure 2) suggests that the perceptions broadly fall into 
three clusters. The first cluster consists of three variables representing access control  
complying with movement restrictions (no movement), reducing own contact with other 
horses (restrict own contact) and reducing visits by horse professionals to the managed 
premises (restrict professional visits). Those believing that complying with movement 
restrictions is an effective strategy in stopping equine influenza spread onto their 
premises were 30 times more likely to believe that reducing their own contact with 
other horses is also an effective biosecurity measure. The latter were also more likely to 
believe that curtailing professional visits was an effective approach. These 
interrelationships suggest that horse managers who believe that movement restrictions 
are effective are also likely to adopt other biosecurity measures to reduce people 
contact with their horses (access control). Unexpectedly, controlling who has access to 
managed horses in general (control access) did not fall into this cluster, which perhaps 
might be due to them not perceiving any risk associated with non-horse owning family 
and friends having contact with their horses. 
 
The second and the third clusters consisted largely of variables that represented 
personal and equipment hygiene (Figure 2) indicating that those who believe that 
disinfecting vehicles entering the premises (disinfect vehicles) would be an effective 
measure were also more likely to believe in the effectiveness of using a disinfectant 
footbath (use a footbath), changing into clean clothes on arrival at the managed 
premises (change clothes) and washing hands before contact with managed horses 
(wash hands). Similarly, those believing in effectiveness of cleaning horse equipment 
before use (clean equipment) were also more likely not to share horse equipment (not 
share equipment) and to change shoes on arrival at the managed premises (change 
shoes). The results suggest that some horse managers are more likely to adopt personal 
and equipment hygiene practices than to impose movement restrictions (or access 
control). Interestingly, those believing in the effectiveness of disinfecting vehicles were 
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less likely to believe in the effectiveness of controlling who has access to managed 
horses (control access) further suggesting a dichotomy in the perceptions of 
effectiveness of access control and hygiene measures. 
 
This difference in perceptions may be related to factors such as the cost of 
implementing biosecurity measures or the ease with which the biosecurity measures are 
implemented. If the costs of implementing access control measures is higher for a horse 
manager (for example, commercial studs or properties where horses are kept for other 
owners), they might resort to personal and equipment hygiene measures. In contrast, if 
the cost of implementing hygiene measures is higher for a manager (in terms of time 
involvement and equipment required for implementing practices), they might prefer 
access control measures to hygiene measures. Further investigations are required to 
confirm this and characterise which horse owners believe access control measures are 
generally more effective than hygiene measures, because different targeted extension 
educational approaches might suit these two groups of horse owners. Pre-testing 
participants in biosecurity training programs might be useful to prepare arguments and 
training scenarios. These findings might also be relevant to farmers of other livestock 
species, warranting further investigation. 
 
It should be noted that the hygiene and access control measures were not completely 
independent but some overlap existed between these two types of variables. For 
example, the managers believing in the effectiveness of disinfecting vehicles entering 
the managed premises (disinfect vehicles) were more likely to believe in the 
effectiveness of reducing their own contact with other horses (restrict own contact) and 
ensuring that feed and bedding comes from a clean source (clean feed source), both of 
which are access control measures (Figure 2). Similarly, perceptions of the effectiveness 
of personal hygiene practices – hand-washing and using footbaths  were related to 
premises access. 
 
The final model did not have any arcs connecting five of the 17 variables (omitted from 
Figure 2). Two of these variables  reducing own horses’ contact with other horses 
(restrict horse contact) and ensuring that any newly introduced horses are isolated from 
other managed horses (isolate horses)  represented access control measures. The 
remaining three measures  disinfecting horse floats before use (disinfect floats), using 
soap when washing hands (use soap) and showering on arrival at the managed premises 
(shower)  represented personal and equipment hygiene. Although these variables were 
linked with other variables in the global model, absence of these connections in the final 
model suggests that the associations in the unpruned model were probably spurious. 
 
The Bayesian network models presented in this manuscript reveal the interrelationship 
between variables representing the perceived effectiveness of biosecurity measures. 
However, these analyses have some limitations. First, the Bayesian network approach is 
an exploratory technique. A criticism is that no prior theoretical framework is used to 
guide variable selection. Conversely, such an approach is a way to achieve highly 
objective results. Moreover, we applied appropriate over-fitting correction to identify 
and remove spurious associations. 
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The second limitation of the approach is in implementation: substantial computing time 
and resources are required to implement bootstrapping, and moreover, it is only 
feasible currently for up to around 20 variables to be included in an exact search using 
the abn library. Although other methods for heuristic searches (Heckerman et al., 1995) 
and inexact order-based searches (Friedman and Koller, 2003) exist, these are less ideal 
approaches (ignoring computational feasibility). In other words, a user has to choose 
between using an exact approach but testing fewer variables or using an inexact 
technique but testing more variables. Here we opted for the former and did not include 
other potential predictor variables in the current analyses to see how they are 
interconnected with the 17 variables describing biosecurity effectiveness perceptions so 
that the analysis was more focused and robust. 
 
5. Conclusions 
This Bayesian network analysis provides new insights into the interrelationships 
between perceptions of effectiveness of different biosecurity measures. The findings 
suggest that horse managers tend to favour either movement restrictions/access control 
approaches, or believe in effectiveness of equipment and personal hygiene. Further 
studies are required to confirm these findings and to characterise horse managers’ 
belief in the effectiveness of groups of biosecurity measures. Extension agencies could 
then target their extension education programs appropriately. 
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Table 1. Variables used in Bayesian network analyses representing perceptions of 
effectiveness of on-farm biosecurity measures based on interviews of 151 horse 
managers conducted in New South Wales (NSW), Australia in 2009. 
Variables
a
 
Description (Horse managers’ perceptions of effectiveness of these 
measures) 
Access control measures (presented as circles in the figures) 
No movement Complying with movement restrictions 
Restrict horse 
contact 
Reducing managed horses’ contact with other horses 
Restrict own 
contact 
Reducing own contact with other horses 
Restrict 
professional 
visits 
Reducing visits by horse professionals to the managed premises 
Control access Controlling who has access to managed horses 
Clean feed 
source 
Ensuring that feed and bedding comes from a clean source 
Isolate horses Ensuring that any new horses are isolated from other managed horses. 
 
Personal and equipment hygiene measures (presented as squares in the figures) 
Use a footbath 
Ensuring that all visitors to the managed premises use a disinfectant 
footbath 
Change clothes Changing into clean clothes on arrival at the managed premises 
Change shoes Changing your shoes on arrival at the managed premises 
Wash hands Washing hands before contact with managed horses 
Use soap Using soap when washing hands 
Shower Showering on arrival at the managed premises 
Clean 
equipment 
Cleaning horse equipment before use 
Not share 
equipment 
Not sharing horse equipment 
Disinfect 
vehicles 
Disinfecting vehicles entering the managed premises 
Disinfect floats Disinfecting horse floats before use 
a
These variables were created from 17 of the 19 statements of the following question: “If an 
outbreak of equine influenza started tomorrow in NSW, which of the following measures do you 
think would be effective in stopping spread onto your property?” Responses from two of the 19 
statements could not be used due to large number of missing observations. All the variables were 
binary with the categories: ‘very effective’ and ‘partially or not effective’. 
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Figure 2: Final globally optimal Bayesian network graphical model (after bootstrapping 
to prune structural detail unsupported by the data) of perceived effectiveness of 
biosecurity measures and believed Equine influenza transmission from a study of 151 
Australian horse managers. Numbers represent posterior median odds ratios, and 
dashed lines show negative associations. Variables with no arcs are not shown. Access 
control measures are presented as circles while hygiene measures are presented as 
squares.  
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Figure S1: Posterior density estimates for the marginal effects of arcs (odd ratios) in the 
final model of perceived effectiveness of biosecurity measures and believed Equine 
influenza transmission from a study of 151 Australian horse managers. Solid reference 
line represents the null value of OR=1, dashed reference lines are posterior 95% 
confidence intervals. 
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Figure S2: Posterior density estimates for the marginal effects of arcs (odd ratios) in the 
final model of perceived effectiveness of biosecurity measures and believed Equine 
influenza transmission from a study of 151 Australian horse managers. Solid reference 
line represents the null value of OR=1, dashed reference lines are posterior 95% 
confidence intervals. 
 
